Biological neurons perform information processing using a model called pulse processing, which is both computationally efficient and scalable, adopting the best features of both analog and digital computing. Implementing pulse processing with photonics can result in bandwidths that are billions of times faster than biological neurons and substantially faster than electronics. Neurons have the ability to learn and adapt their processing based on experience through a change in the strength of synaptic connections in response to spiking activity. This mechanism is called spike-timing-dependent plasticity (STDP). Functionally, STDP constitutes a mechanism in which strengths of connections between neurons are based on the timing and order between presynaptic spikes and postsynaptic spikes, essentially forming a pulse lead/lag timing detector that is useful in feedback control and adaptation. Here we report for the first time the demonstration of optical STDP that is useful in pulse lead/lag timing detection and apply it to automatic gain control of a photonic pulse processor. [3] [4] [5] [6] . Like those of its physiological counterpart, the functions performed by the photonic neuron are determined by the configuration of a set of parameters including the weights and delays of interconnections, the temporal integration time, and the spiking threshold. Learning in neurons is accomplished with a set of synaptic weights that are adjusted based upon the activity of the system in response to its inputs. The standard model for learning in systems of spiking neurons is called spike-timing-dependent plasticity (STDP) [7] [8] [9] [10] . STDP is a learning mechanism where the generated neuronal responses are based on the input and output timing, order, and sequence. Figure 1(a) illustrates the schematic of unsupervised learning in neurons. Although the feedback path introduces latency to the weight adjustment, it does not affect the capacity or speed of the photonic neuron itself. In STDP, the relative timing of pre-and postsynaptic spikes determines the changes to the strength of the synapse as follows:
Neuromorphic engineering [1, 2] has a wide range of applications, such as adaptive control, learning, perception, motion control, sensory processing, and autonomous robots. Realization of biological neurons solely with photonics harnesses the high speed and wide bandwidth of optics, opening a host of new applications for ultrafast decision making and adaptability. Photonic neurons capable of processing signals at terahertz rates and a simple photonic-neuron circuit mimicking the tail-flip escape response in crayfish have recently been demonstrated [3] [4] [5] [6] . Like those of its physiological counterpart, the functions performed by the photonic neuron are determined by the configuration of a set of parameters including the weights and delays of interconnections, the temporal integration time, and the spiking threshold.
Learning in neurons is accomplished with a set of synaptic weights that are adjusted based upon the activity of the system in response to its inputs. The standard model for learning in systems of spiking neurons is called spike-timing-dependent plasticity (STDP) [7] [8] [9] [10] . STDP is a learning mechanism where the generated neuronal responses are based on the input and output timing, order, and sequence. Figure 1(a) illustrates the schematic of unsupervised learning in neurons. Although the feedback path introduces latency to the weight adjustment, it does not affect the capacity or speed of the photonic neuron itself. In STDP, the relative timing of pre-and postsynaptic spikes determines the changes to the strength of the synapse as follows:
• Pre-post firing: a presynaptic spike precedes a postsynaptic spike and is presumed to have contributed to causing the postsynaptic spike. Therefore, the synaptic connection is "rewarded" or strengthened, causing a "potentiation."
• Post-pre firing: a presynaptic spike follows a postsynaptic spike and could not have contributed to causing the post-synaptic spike. Therefore, the synaptic connection is "punished" or weakened, causing a "depression." Figure 1 (b) illustrates the STDP behavior of a biological neuron, where the shaded region is the potentiation window while the unshaded region is the depression window. In other words, STDP is performing pulse lead/lag timing detection, in which a different output intensity is returned from STDP in response to different input timing, order, and sequence. The STDP output can be used for adaptive feedback and control of a system. STDP rules have been previously been applied to coincidence detection [11] , sequence learning [12] [13] [14] , path learning in navigation [15, 16] , and directional selectivity in visual response [16, 17] . The STDP approach to learning has not only received attention in applicationbased contexts but also as a general expressive learning rule for cognitive computing. It is demonstrably equivalent to near-optimal information-theoretic algorithms [18] [19] [20] , such as relevant mutual information maximization, information bottleneck optimization, and independent component analysis.
The operation of optical STDP is analogous to its physiological counterpart in that the strength of the optical interconnection is increased in response to pre-post firing while it is decreased for post-pre firing. Optical STDP operates on picosecond time scales, which are achieved by exploiting fast physical mechanisms in photonic devices, such as absorption saturation in electro-absorption modulators (EAMs) [21] and gain depletion in semiconductor optical amplifiers (SOAs) [22] .
Optical STDP is illustrated in Fig. 2(a) . It takes both the post-and presynaptic spikes and splits them unequally such that a larger portion of the postsynaptic spike goes to the SOA (Kamelian SOA-NL-L1-C-FA) and a larger portion of the presynaptic spike goes to the EAM (CIP 10G-PS-EAM-1550). The postsynaptic spike induces gain depletion in the SOA, and the resulting gain is experienced by the presynaptic spike. The presynaptic spike induces absorption saturation in the EAM, and the resulting absorption is experienced by the postsynaptic spike. Optical bandpass filters are used to extract the pre-and postsynaptic spikes from the SOA and EAM outputs, respectively. They are then detected using a photodetector. Figures 2(b) and 2(c) illustrate the mechanism for optical STDP. When a strong postsynaptic spike enters the SOA, it immediately depletes the SOA gain. Thus, if a presynaptic spike enters the SOA shortly after the postsynaptic spike [ Fig. 2(b) ], it experiences the minimum gain (the weakest output power). The gain gradually recovers over time due to the presence of the SOA driving current, and the output power of the presynaptic spike gradually increases as the time interval between the post-and presynaptic spikes increases, forming the depression window (region I). If a presynaptic spike enters the SOA before the postsynaptic spike [ Fig. 2(c) ], it does not experience any gain depletion, and the output power remains the same (region II). In the EAM, the absorption is large due to the reverse bias, and no absorption saturation is experienced by the postsynaptic spike when it enters the EAM before the strong presynaptic spike, resulting in a weak output power (region III). When the postsynaptic spike enters the EAM shortly after the presynaptic spike, a strong absorption saturation is experienced by the postsynaptic spike, resulting in a strong output power. The EAM absorption builds up gradually over time due to the reverse bias, resulting in a gradual decrease in output power of the postsynaptic spike, forming the potentiation window (region IV). By linearly combining the effects in SOA and EAM, an STDP characteristic results [ Fig. 2(d)] .
In our experiment, the input powers of the presynaptic and postsynaptic spikes are both 10 dBm with ∼5 ps pulse width. Figure 3 shows the experimentally measured STDP responses using the proposed optical STDP configuration, which resembles the physiological STDP characteristic. As with biological STDP, optical STDP allows independent control of the width and height of the potentiation and depression windows to implement different functions. The potentiation-window width decreases as the EAM bias increases [ Fig. 4(a) ], resulting from the stronger electro-absorption effect under a stronger bias, while the depression-window width decreases as the SOA current increases [ Fig. 4(b) ] due to the increase in carrier density in the SOA under a stronger injection current. The ratio between the potentiation and depression window heights changes as the preand postsynaptic spikes' splitting ratio varies [ Fig. 4(c) ]. As shown in Fig. 4(d) , the height of the potentiation window is independently adjustable by changing the spikes' power launch to the EAM.
Using the proposed optical STDP, we experimentally demonstrate automatic gain control of a photonic pulse processor in which a "teacher" determines the way the photonic pulse processor should spike in response to its input (1551.72 nm). The teacher (1550.12 nm) first presents the processor with the correct response (presynaptic spike) [ Fig. 5(a) ], and then STDP compares the processor output (1553.33 nm) (postsynaptic spike) with the teacher input. If the photonic pulse processor is not spiking in the way the teacher wants, STDP makes changes to the interconnection strength by sending the amount of weight change determined by the optical STDP to the weighting device. In this experiment, an EOM is used as a weighting device to govern the interconnection strength.
Figures 5(b) and 5(e) show two examples of the pulseprocessor output when it is not spiking correctly. In Fig. 5(b) the interconnection strength is too weak, while in Fig. 5 (e) the interconnection strength is too strong. With the optical STDP enabled, the pulse processor automatically adjusts the strength of the interconnection based on the result from STDP. Figures 5(c) and 5(f) show the processor output after it has learned from the teacher, where it is now spiking in way the teacher expects after adjusting itself based on the result from STDP. After the learning phase, the teacher is removed, and the processor still spikes in the way that the teacher expects [Figs. 5(d) and 5(g)], indicating that the photonic pulse processor has learned from the teacher.
In summary, we proposed and successfully demonstrated for the first time, to our knowledge, optical STDP and automatic gain control for photonic pulse processing. This is not only an important milestone enabling photonic neurons to perform learning but also provides an automatic way for adaptive feedback and control in various systems. STDP modifies synaptic strengths based on the correlation between the pre-and postsynaptic activities. Our optical STDP utilized the inherent properties of two optical devices, an EAM and a SOA, that naturally mimic biological STDP characteristics. Just like its biological counterpart, variable potentiation and depression windows are achieved in optical STDP, satisfying the requirements of diverse types of synapses and applications.
